Fuel model mapping has followed in general two trends: 1) indirect inferences, where some factors, presumably associated with fuel production, are related to a given fuel model; and 2) experts consulting, which has been used to classify and to validate other people classifications. However, reliance on expert judgment implies a subjective approach. Thus, I propone the integration of geostatistic techniques and the Conditional-Fuels-Loading concept (CFL) to define a more objective perspective in the fuel-model mapping. The information used in this study was collected in a forest of Chihuahua, Mexico, where fuels were inventoried in 554 (1000 m 2 ) sample plots. These sample plots were classified using the CFL; and ordinary kriging (Gaussian, spherical and exponential) was used to interpolate the fuel-model values. Using the Akaike's Information Criterion the spherical model performed best. The methodology allowed a finer definition of spatial distribution of fuel models. Some advantages of the CFL are: 1) it is based on actual fuel loads, and not only on vegetation structure and composition; 2) it is objective and avoids the bias of different classifiers (experts); and 3) it avoids the need of the advice of experts.
Introduction
Many strategies for fire management are based on prior knowledge of the potential fire behavior of a given forest [1] [2] . Based on this knowledge many fire behavior simulation systems have been developed. Among them, FARSITE [3] is one of the most complete and used systems. All these simulation systems require information of the spatial distribution of forest fuels, which in most cases is How to cite this paper: Garnica, J.G.F. represented through fuel-models (a generalized description of fuel physical characteristics [4] ). Fuel-model mapping in general has followed two trends: 1) indirect inferences, where some factors like vegetation, species, and density, presumably associated with fuel production, are related to a given fuel-model [5] [6]; and 2) experts consulting, which implies a subjective approach. Regardless the complexity of a new technology, many fuel-model classifications are validated through the experts' judgment [7] .
Although an expert can classify a forest into a given number of fuel-models, the spatial limits between one fuel-model and another are difficult to establish [8] [9] . Moreover, there is no guarantee that the same area will be classified the same way by two or more experts [10] . To avoid these two limitations, the use of the Conditional Fuels Loading concept (CFL) [11] is suggested in this study. CFL is based on certain proportion of fuels loading that correspond to each fuel-model.
Because fuel is the basic element in a fire behavior prediction, its direct estimation avoids the use of inference methodologies, which have shown highly variable accuracy (ranging from 30% to 70% [4] ). Direct fuels surveys are both costly and time consuming [12] , so in this paper I propose the use of geostatistical techniques to define more accurate estimations. Geostatistics provides a method to describe the spatial continuity of many natural phenomena [13] [14] . Moreover, geostatistical techniques perform well with sparse data, thus it is possible to work with less data [15] , reducing both the cost and time required in a fuel survey. The use of geographic information systems (GIS) techniques allowed the integration of both geostatistics capabilities and fuel inventory information to define the spatial distribution of fuel-models [16] [17].
Material and Methods

Study Area
The study area is located within a region that covers approximately 250,000 hectares of primarily coniferous-oak forest, which is an important component of Mexico's Sierra Madre Occidental [18] . This study was carried out using information from a commercial forest of the ejido (rural community) "El Largo y 
Data Collection
The information used in this study was collected based on a traditional forest ) sample plots were measured distributed randomly into 142 sub-stands (defined by species, density, and aspect).
An inventory was conducted within an area of about 1200 ha. In the inventory I evaluated the 1 hr, 10 hr, 100 hr, and live woody forest fuels. Forest fuels evaluation was based on the techniques and methodologies described by Brown et al. [19] . Plots center location was determined using a global positioning system (GPS) receiver.
Conditional Fuels Loading Concept
To classify the sample plots into their corresponding fuel-model class, the CFL concept was used [11] , which considers that each fuel-model contain a characteristic amount and proportion of 1-hour, 10-hour, and 100-hour fuel classes. In general the study area was considered within the "Timber litter" fuel complex (fuel-models 8, 9, and 10) [20] . Based on the characteristic fuels loading that corresponds to fuel-models 8, 9, 10 (Table 1), the following "conditional proportions" were evaluated for each sample plot:
1) The sum of the characteristic10-HR and 100-HR fuels loading for FM-8 is 7.84 ton/ha. For practical purposes this value was considered as integer (=8). Thus: if ( ) 10-HR 100-HR 8
2) Based on a manual qualification of several sample plots, a factor of 18.8
(approx. 19) (that corresponds to the multiplication of 1-HR fuel loading times the 100-HR fuel loading) has been defined to separate sample plots between FM-8
and FM-10. Thus:
3) The remaining unclassified sites corresponded to FM-8.
4) Oak species are typical in FM-9 [20] . Therefore, once the sites are classified, a final filter is used. Thus, all the sites where Quercus spp occurred are reclassified as FM-9.
Fuel Model Mapping
After a fuel-model value was defined for each 1-hr, 10-hrs, and 100-hrs fuel ( ) ( )
where:
( ) 
Results
Variogram Analysis
The results of a general proximity matrix are shown in Table 2 . Although the maximum distance between points was more than 8. 
where: likelihood = the probability of the data given a model. K = the number of free parameters in the model.
From Table 3 
Kriging Results
FM estimates were produced for unsampled sites considering two neighbors (sampled points). OK estimations were made under a 40 × 40 m grid, which correspond to the minimum distance between sample plots ( Table 2 ). The resulting estimations were not discrete, therefore the following criteria were used to group each cell: FM-8 cell values from 8 to 8.66; FM-9 from 8.66 to 9.33: and FM-10 from 9.33 to 10. Figure 4 shows the spatial pattern of the three fuel models, which resulted from the ordinary kriging process. Most of the study area falls in the fuel models 8 and 9 (38.1% and 34.8% respectively). FM 10 has coverage of 15.1%.
The standard errors associated with the estimates were also calculated. Figure   5 shows a contour map and a surface map of the standard errors resulting from the estimation of FMs. This error was spatially distributed quite homogeneously. 
Discussion
The spatial implementation of the fuel-model concept has caused many technical problems, such as the difficulty to mapping fuel-models in a given area. Furthermore, fuel-models do not reflect the actual spatial variability of fuel characteristics. This is so because fuel-model maps tend to qualify big areas, that are considered homogeneous, into the same fuel model, assuming a homogeneous fire behavior (for a given projection period). Therefore the fuel-model approach would be useful in areas where vegetation and fuels are spatially homogeneous.
However, in practice this condition is very rare. Although current fuel-model mapping approaches have been useful in many cases [3] [4], its use is limited to support fire management strategies at large scale. Eventually, the next step would be to define fire behavior at a smaller scale, basically to locate risky areas.
A FM classification of a given area has to combine two requirements: 1) a correct determination of a FM (classification component); and 2) an accurate definition of the spatial distribution of FMs (spatial component). The use of experts' judgement could help to overcome the first requirement. However, with the "experts judgement" approach the definition of the FM spatial distribution (size, limits and location) has presented serious problems. Although, the use of GIS and remote tensing technology has solved the second requirement, the resultant accuracy has been rather low [4] . The methodology illustrated in this paper overcomes these two requirements. Moreover, until now there was not The use of ordinary kriging, as a spatial interpolation technique, was very practical. However, the classification of the resulting continuous estimations could present certain level of subjectivity. Therefore, specific thresholds between one FM and another should be defined. Nevertheless, the consistency of the estimations from using the proposed methodology makes much simpler to define such limits than to classify the same area based on an expert judgement.
Because of cost and time constraints the methodology presented in this paper could result impractical in operative evaluations. However, the advantage of interpolation techniques such as kriging is that it is possible to work with sparse and less data [15] . This condition allows to experiment with lower amounts of sample plots, which positively affect both the time and cost required. Moreover, the spatial definition of the estimation error resulting from the kriging analysis can be used to define better sampling strategies (sampling intensity and design). On the other hand, ancillary data could be used, through co-kriging techniques, to enhance the precision of the estimations of FMs. However, very few have been done in the use of geostatistical alternatives to support the classification of fuel-models.
Thus, an indirect objective of this paper was to show the potential of using kriging techniques.
Conclusions
The methodology showed in this paper allows a finer definition of spatial distribution of fuel models. This could support a more accurate prediction of the spa- it avoids the need of the advice of experts.
